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Abstract
1.	 Spring leaf phenology in temperate tree species is highly sensitive to climate 

change and significantly affects plant photosynthetic performance, resource 
utilization, competition and trophic interactions, thereby impacting various eco-
system functions. Although optimality-based (OPT) approaches for modelling 
spring phenology are increasingly recognized, the optimal representation of the 
underlying principle (balancing photosynthesis gains with chilling risks) remains 
controversial.

2.	 Here, we integrated a coupled Farquhar–Medlyn photosynthesis model into an 
existing OPT model, and termed the resulting model R-OPT, and evaluated its 
performance using the PEP725 dataset, which includes 409,144 site-species-year 
records from across Europe.

3.	 Our results show that R-OPT outperforms both the default OPT and non-
optimality-based models (e.g. the chilling-forcing trade-off and growing degree 
day models). This improved performance is consistent within and across five focal 
tree species but varies by region: R-OPT excels in lowland, moist environments 
but is less effective in high-altitude, cold, and dry areas, possibly due to an incom-
plete representation of environmental constraints on photosynthetic carbon gain 
in these regions.

4.	 Our research advances leaf spring phenology modelling by emphasizing an op-
timality principle that balances photosynthetic carbon gain with chilling risk, 
improving the representation of plant photosynthesis processes and enhancing 
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1  |  INTRODUC TION

Spring leaf phenology (spring phenology hereafter)—the timing 
of plant leaf emergence and development during spring—plays an 
important role in regulating plant functions, ecosystem services 
and biogeochemical feedback related to climate change (Badeck 
et  al.,  2004; Lieth,  2013; Piao et  al.,  2019). Alterations in spring 
phenology can impact species interactions and cause cascade ef-
fects on trophic levels (Chmura et al., 2019; Cohen et al., 2018; Yang 
& Rudolf, 2010). Shifts in spring phenology, such as earlier spring 
growth, can extend photosynthetic periods and enhance ecosys-
tem productivity (Buermann et al., 2018; Richardson et al., 2010; 
Zohner et  al.,  2021). Spring phenology is also a regulator of sea-
sonal and annual evapotranspiration, the process by which water 
is transported from land to the atmosphere, and terrestrial al-
bedo, thereby influencing Earth's overall water and energy balance 
(Cheng et al., 2021; Wang et al., 2019). With climate change driving 
widespread shifts in phenological patterns, the need for a deeper 
understanding of the mechanisms regulating phenology has never 
been more urgent.

In recent decades, advances in understanding the mechanisms 
and drivers of spring phenology have enabled the development 
of process-based models that simulate plant seasonal growth and 
ecosystem carbon and water fluxes within Earth System Models 
(ESMs; Kolassa et  al.,  2020). Currently, three primary types of 
process-based models are used to simulate spring phenology. The 
first type, known as the one-phase, includes the Growing Degree 
Day (GDD) model, which posits that leaf unfolding date (LUD) occurs 
when accumulated GDD surpasses a certain threshold (McMaster & 
Wilhelm, 1997; Wang et al., 2020). This model, which depends solely 
on temperature, overlooks the complexity of processes regulating 
leaf emergence, leading to significant biases in phenology predic-
tions (Piao et al., 2019; Wang et al., 2020). In response to evidence 
showing that leaf phenology is controlled by both endodormancy 
(chilling-dominant) and ecodormancy (forcing-dominant), two-phase 
models have been developed (Chuine,  2000; Lundell et  al.,  2020; 
Sapkota et  al.,  2023). While these models are more accurate and 
complex, they depend on phenomenological species-specific chilling 
and forcing functions (Mo et al., 2023), and the relationship between 
the two phases—whether parallel (Wang et al., 2023) or sequential 
(Kim et al., 2022)—remains debated, hindering their broader appli-
cation (Wang et  al.,  2020). The third type is the optimality-based 
(OPT) model, which frames spring phenology as a trade-off between 

maximizing potential photosynthesis gain and minimizing potential 
early growing-period chilling/frost damage.

There is a growing consensus that OPT approaches are supe-
rior for modelling spring phenology in temperate regions, and these 
models have consistently outperformed other process-based mod-
els in predicting spring phenology, as evaluated in both field and 
remote sensing observations (Gu et  al.,  2023; Meng et  al.,  2021). 
However, the OPT model still exhibits considerable model residuals, 
probably due to incomplete mechanisms, and faces key limitations 
that need addressing. For example, Gu et al. (2023, 2025) found that 
the current OPT model's residuals across temperate ecosystems are 
not random but exhibit a strong dependency on light and vapour 
pressure deficit (VPD)—factors that suggest an incomplete repre-
sentation of plant photosynthesis.

Mechanistically, if spring phenology is subject to the fundamen-
tal trade-off between potential carbon gain and chilling damage risk, 
then models that explicitly account for factors affecting net pho-
tosynthetic uptake should impose more effective constraints than 
those relying solely on photoperiod and forcing components used 
in the current OPT model (e.g., Descals et  al., 2022). Our current 
knowledge in modelling photosynthesis and the availability of long-
term fine-scale phenological datasets presents a unique opportunity 
to test this hypothesis. For example, the coupled Farquhar–Medlyn 
model, which integrates a biochemical-based photosynthesis model 
(Farquhar et  al.,  1980) with an optimality-based stomatal conduc-
tance model (Medlyn et al., 2011), enables the simulation of plant 
photosynthetic rates, accounting for both biochemical constraints 
on plant photosynthesis and environmental stimuli on stomatal 
regulation. The model has been extensively evaluated and proven 
effective in simulating plant photosynthesis (Guo et al., 2022; Wu 
et  al.,  2017). Importantly, this coupled model allows for a more 
comprehensive set of environmental factors and plant traits to be 
included in the phenological framework (e.g. temperature, humid-
ity, atmospheric pressure, ambient CO2 level), thereby enabling the 
predictions of the effect of new climate scenarios on phenological 
patterns.

This study investigates whether current approaches to spring 
phenology lack the mechanistic basis needed to interpret responses 
to environmental variability and predict the consequences of cli-
mate change on phenological patterns. We address this question 
by incorporating the coupled Farquhar–Medlyn photosynthesis 
model into the existing OPT approach (Meng et al., 2021), thereby 
enabling a mechanistic representation of environmental factors 

understanding of environmental factors influencing phenology in the context of 
climate change.

K E Y W O R D S
coupled Farquhar–Medlyn photosynthesis model, maximizing carbon gain, minimizing chilling 
risk, optimality principle, spring phenology, temperate tree species
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and plant functional traits in phenological models. Specifically, we 
focus on three research objectives: (1) to assess whether integrat-
ing the coupled Farquhar–Medlyn photosynthesis model with the 
OPT framework can enhance the process modelling of spring phe-
nology compared to existing methods (OPT and non-OPT-based 
models); (2) to determine whether cross-model comparison results 
are consistent both within and across different temperate tree spe-
cies; (3) to explore whether cross-model comparison results are 
consistent across various background climate conditions, aiming 
to infer the appropriate scenarios for the application of each ap-
proach. To accomplish our objectives, we utilize the Pan European 
Phenology Network phenology dataset (PEP725, www.​pep725.​eu), 
which includes over 409,144 site-species-year records from 1958 
to 2016, covering five species and spanning 14 European countries. 
This dataset offers a unique resource for comprehensive model 
assessments and cross-comparisons across biotic and abiotic sce-
narios, including diverse plant species, extensive environmental 
gradients and prolonged time spans (Gallinat et al., 2021; Schrodt 
et al., 2020).

2  |  MATERIAL S AND METHODS

2.1  |  Study area

The study area is located in Central Europe, primarily encompassing 
Austria, Germany and Switzerland. This domain extends from 40° N 
to 70° N in latitude and 10° W to 30° E in longitude (Figure 1). The 
area exhibits significant altitude variations, ranging from 0 to 1200 m 
a.s.l., mostly related to the Alpine chain in the southern part of the 
domain. We selected this region as our study area for two main rea-
sons: (1) the PEP725 provides long-term, consistent, high-quality 
records on phenological events such as the beginning of flowering, 
fruits ripe for picking, leaf unfolding and first leaves separated, ena-
bling effective model evaluation at the species level over the past 
few decades (Templ et al., 2018; Tian et al., 2021); and (2) the di-
verse environmental conditions associated with latitude, longitude 
and altitude present sufficient variability to assess the effectiveness 
and applicability of our proposed model (Cook et  al.,  2012; Meng 
et al., 2021).

F I G U R E  1  Study sites within the PEP725 network. This study focuses on five species from the PEP725 network that have extensive 
spatial coverage and abundant data records: Sorbus aucuparia, Fagus sylvatica, Aesculus hippocastanum, Alnus glutinosa and Fraxinus excelsior. 
These species are primarily distributed across Central Europe, including Austria, Germany and Switzerland.
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2.2  |  Materials

In this study, we utilized two types of data. The first type consists 
of ground-based phenology observations from the PEP725 dataset. 
The second type comprises environmental variable data, which were 
extracted using the Google Earth Engine (GEE) platform. We provide 
detailed information on these two data sources as follows.

2.2.1  |  Phenological data

Ground observations of key phenological dates, including leaf un-
folding dates, for various species in deciduous broadleaf forests 
have been recorded in the PEP725 database since 1958 (Scheifinger 
et al., 2018). Since our study focuses on spring phenology model-
ling, we extracted the leaf unfolding date information from the 
PEP725 database, which is defined as the date when either the first 
leaf unfolds or the first visible leaf stalk appears based on BBCH 
code (Biologische Bundesanstalt, Bundessortenamt und Chemische 
Industrie, BBCH = 11) (Templ et  al.,  2018). To provide a sufficient 
time frame for training and evaluating process-based models, we 
retained only leaf-out date observations with at least 30 years of 
data at each site between 1958 and 2016. Based on this criterion, 
we further selected five primary species of deciduous broadleaf 
trees for analysis: Sorbus aucuparia (n = 25,844), Fagus sylvatica 
(n = 108,561), Aesculus hippocastanum (n = 134,202), Alnus glutinosa 
(n = 68,321) and Fraxinus excelsior (n = 72,216). These five species 
have the most comprehensive records during the study period and 
have been widely used in many phenological studies (Fu et al., 2019; 
Meng et al., 2021). In total, our analysis used 409,144 individual ob-
servations from 12,958 site–species combinations at 4232 sites. This 
extensive dataset allowed us to conduct a thorough investigation 
of factors influencing leaf-out dates across various tree species and 
regions.

2.2.2  |  Environmental data

To drive the process-based spring phenology models and assess po-
tential use conditions for each model, we extracted key environmen-
tal variables for each plant individual with phenological observations 
at the site level. These variables were obtained from the ERA5-Land 
Hourly dataset-ECMWF Climate Reanalysis using GEE on a daily 
timescale (https://​devel​opers.​google.​com/​earth​-​engine/​datas​ets/​
catal​og/​ECMWF_​ERA5_​LAND_​HOURLY). This dataset has been 
produced by reanalysing the land component of the ECMWF ERA5 
climate and combining model data with global ground observations, 
providing a consistent measure of temporal dynamics in key envi-
ronmental variables since 1950. By matching each phenological sta-
tion to a specific grid based on its latitude and longitude, we further 
extracted daily mean temperature (T) and air pressure (P) from the 
ERA5-Land dataset and resampled them to a 9 km spatial resolu-
tion for model simulation. In addition to this, we extracted daily dew 

point temperature and relative humidity (%) from the ERA5-Land 
dataset, along with daily temperature and air pressure, to calculate 
vapour pressure deficit (VPD) following Yuan et al. (2019). We also 
approximated the photosynthetic photon flux density (PPFD) from 
the daily solar radiation in the ERA5-Land dataset using the follow-
ing conversion:

Additionally, we extracted daily CO2 data from the Mauna Loa 
Observatory (https://​gml.​noaa.​gov/​webda​ta/​ccgg/​trends/​co2/​co2_​
daily_​mlo.​txt). However, as daily records were only available from 19 
May 1974 onwards, we substituted the daily CO2 data prior to this 
date with monthly mean values. While recent studies have shown sig-
nificant spatial heterogeneity in atmospheric CO2 across the Earth's 
surface, this variability is smaller than the temporal changes in atmo-
spheric CO2 level, especially over a time duration exceeding 30 years 
(like in our study). Consequently, we believe that using CO2 data from 
the Mauna Loa Observatory to approximate the temporal CO2 level 
dynamics in our study area would introduce limited uncertainty in 
spring phenology modelling.

We calculated Daylength (L) as a function of latitude and the day 
of the year following the equations as proposed by Forsythe et al. 
(1995):

where φ and θ are the sun's declination and revolution angles, respec-
tively, both measured in radians.

2.3  |  Data analysis

In this study, we developed a novel spring phenology model (R-
OPT) that combines the optimality-based principle, as employed in 
Meng et al. (2021), with a process-based photosynthesis model, spe-
cifically the coupled Farquhar–Medlyn photosynthesis model (Guo 
et al., 2022; Wu et al., 2017). We evaluated the performance of the 
R-OPT model using the benchmark phenology dataset from PEP725 
and conducted a comparative analysis with existing process-based 
spring phenology models: the Growing Degree Day model (GDD), 
the chilling-forcing trade-off model (CFT) and the optimality-based 
model (OPT). Through this comprehensive analysis, we aimed to 
provide a rigorous evaluation of our proposed R-OPT model, show-
casing its advantages and identifying appropriate use conditions in 
comparison to existing process-based models.
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2.3.1  |  Four phenological models

Here, we examined four phenological models, with their detailed 
formulas and underlying hypotheses summarized in Table 1 and the 
specific model equations along with the parameter settings being 
provided in the Supporting Information.

The first model, GDD, is temperature-dependent and calcu-
lates a plant's accumulated heat requirement to infer leaf-out 
dates. In this model, LUD occurs when growing degree days ex-
ceed a specific heat requirement threshold (Table 1a; Equations 3 
and 4).

where Tbase = 5°C is the temperature threshold for biological activity, 
Rf ,i is the daily rate of forcing, and Ft is the accumulated forcing from t0 
(empirically set as the first day of the calendar year) to day t. Leaf-out 
is predicted to occur on the first day i for which the cumulative forc-
ing Ft (Equation 4) meets or exceeds the critical threshold Fthres; that is 
Ft ≥ Fthres.

The second model, CFT, builds upon the GDD model by in-
corporating both chilling and forcing processes as constraints on 
LUD. CFT posits that trees begin accumulating chilling and forc-
ing from winter, with the onset of spring leaf-out being predicted 
when forcing accumulation exceeds a threshold set by chilling ac-
cumulation. Consequently, LUD is determined by the interplay be-
tween temperature effects on chilling (represented by a triangular 
function) and forcing (represented by a sigmoid function) (Table 1b; 
Equations 5–8).

where Ti is the average temperature on the ith day; Tmin = −5°C, 
Topt = 10°C and Tmax = 25°C are set constants based on (Wang 
et al., 2020). Rf ,i is the daily rate of forcing and Rc,i is the daily rate 
of chilling. Ct and Ft are the accumulated chilling and forcing from 
t0 (empirically set as the first day of the calendar year) to day t .  
The model includes two fitting parameters: a and b. Leaf-out is 
predicted to occur on the first day i when the accumulated forc-
ing Ft (Equation 8) meets or exceeds the threshold ae−bCt; that is, 
when Ft ≥ ae−bCt. This criterion reflects the balance between the 
accumulation of forcing required for leaf development and the 
mitigating effect of accumulated chilling, which reduces the risk 
of frost damage.

The third model, OPT, expands on the CFT model by fur-
ther incorporating a chilling-dependent photoperiod variable 
(Meng et  al.,  2021). This modification considers the influence of 
photoperiod on the efficiency of forcing accumulation, which is 

(3)Rf ,i =

⎧

⎪

⎨

⎪

⎩

0, Ti ≤Tbase

Ti−Tbase Ti >Tbase

(4)Ft =

t
∑

i= t0

Rf ,i

(5)Rc,i =

⎧

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎩

0 Ti <Tmin

Ti−Tmin

Topt−Tmin

Tmin≤Ti <Topt

Ti−Topt

Tmax−Topt
Topt≤Ti <Tmax

0 Ti >Tmax

(6)Rf ,i =

⎧

⎪

⎨

⎪

⎩

0, Ti ≤Tbase

28.4

1+exp
�

3.4−0.185Ti
� Ti >Tbase

(7)Ct =

t
∑

i= t0

Rc,i

(8)Ft =

t
∑

i= t0

Rf ,i

TA B L E  1  The formula of four representative spring phenology models.

No. Models Hypothesis Input Number of parameters References

a GDD LUD is triggered when the cumulative heat 
unit exceeds a base temperature

T 1 De Réaumur (1735)

b CFT LUD is triggered by the interaction between 
chilling and forcing

CF 2 Hänninen (1990)

c OPT LUD is triggered by the trade-off between 
minimizing chilling risk while maximizing 
early-season photosynthesis potential gain 
(approximated by forcing and photoperiod)

CFP 3 Meng et al. (2021)

d R-OPT LUD is triggered by the trade-off between 
minimizing chilling risk while maximizing 
early-season photosynthesis potential 
gain (approximated by Farquhar–Medlyn 
photosynthesis model)

CG 3 Farquhar et al. (1980), Gu 
et al. (2023) and Medlyn 
et al. (2011)

Note: For abbreviation letters in ‘Input’ aspect: C, chilling temperature; F, forcing temperature; G, carbon gain responses by photosynthesis; P, 
photoperiod; T, temperature responses are not separable in chilling or forcing. The mathematical formula is provided in the Supporting Information.
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chilling-dependent (e.g., a strong photoperiod effect under low 
chilling; Caffarra et  al., 2011). The OPT model is grounded in the 
hypothesis that the timing of LUD reflects a plant's strategy to opti-
mize potential photosynthetic carbon gain while minimizing chilling 
risk. Detailed information about this model can be found in Table 1c 
(Equations 9–13).

where Ti is the average temperature of the ith day; Tmin = −5°C, 
Topt = 10°C, and Tmax = 25°C are set as constants based on (Wang 
et al., 2020). Rf ,i is the daily rate of forcing, Rc,i is the daily rate of chilling, 
and Rp,i the state of realized forcing (Meng et al., 2021). Li is the day 
length on the ith day, and Ct and Ft are the accumulated chilling and 
forcing from t0 (empirically set as the first day of the calendar year) to t. 
The model includes three fitting parameters: a, b, and c. Leaf-out is pre-
dicted to occur on the first day i when the accumulated realized forc-
ing for potential photosynthetic carbon gain, Ft (Equation 13), meets 
or exceeds the threshold e−bCt; that is, when Ft ≥ ae−bCt. This criterion 
reflects that LUD is determined by the point at which the benefits of 
potential photosynthetic carbon uptake surpass the potential negative 
impact associated with frost damage risk.

The final model, or revised OPT (R-OPT), builds upon the OPT 
model and the modification (Table 1d) is based on two primary prin-
ciples. First, it maintains the fundamental hypothesis of the OPT 
model, which considers spring phenology as a trade-off between 
potential chilling risk (Equations 14 and 15) and potential carbon gain 
(Equations 16–18). Second, the use of a mechanistic-based approach 
for representing photosynthesis, as opposed to the photoperiod and 
forcing components employed by Meng et  al.  (2021), allows for a 
more accurate simulation of photosynthesis. This enables direct test-
ing of the role of potential photosynthesis gain in mediating spring 
phenology and incorporates additional environmental variables (e.g. 
light, CO2 and humidity) that have been previously identified as 

important regulators of spring phenology variability (Gu et al., 2023; 
Gu et al., 2025). Specifically, we used the coupled Farquhar (Farquhar 
et  al.,  1980)–Medlyn (Medlyn et  al.,  2011) photosynthesis model 
with average daily climate variables as inputs (Equation 16), which 
has been extensively evaluated with demonstrated accuracy in sev-
eral studies (e.g., Guo et al., 2022; Wu et al., 2017).

In this modelling context, Ti is the average temperature of the ith day; 
Tmin = −5°C, Topt = 10°C, and Tmax = 25°C are set constants based on 
(Wang et al., 2020). Rf ,i is the daily rate of simulated photosynthesis, Rc,i 
is the daily rate of chilling and Rp,i the state of realized forcing (Meng 
et al., 2021). Li is the day length on the ith day, and Ct and Ft are the 
accumulated chilling and forcing from t0 (empirically set as the first day 
of the calendar year) to t. The model has three fitting parameters: a, b 
and c. Leaf-out is predicted to occur on the first day i when the accu-
mulated realized forcing for potential photosynthetic carbon gain, Ft 
(Equation 18), equals or exceeds the threshold a ae−bCt; that is, when 
Ft ≥ ae−bCt. This criterion also indicates that LUD is determined by the 
point at which the potential photosynthetic carbon benefit surpasses 
the potential negative impact associated with frost damage risk.

The Photosyn function is a coupled model, defined as 
Rf ,i = Photosyn

(

An, gs
)

, which integrates the Farquhar–Medlyn model 
of photosynthesis (An) and the stomatal conductance model (gs ). 
This function incorporates multiple environmental factors as in-
puts to calculate the leaf net photosynthesis rate (Figure S2). The 
Photosyn function returns the hyperbolic minimum of Vcmax and 
Jmax-limited photosynthetic rates, as well as the hyperbolic minimum 
of Jmax-limited and TPU-limited rates. When the intercellular CO2 
concentration (Ci) is not provided, it can be determined by finding 
the intersection between the CO2 ‘supply’ (governed by the Medlyn 
stomatal conductance model) and ‘demand’ (defined by the Farquhar 
photosynthesis model). The detailed formula is as follows:

(9)Rc,i =

⎧

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎩
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Ti−Topt

Tmax−Topt
Topt≤Ti <Tmax

0 Ti >Tmax

(10)Rf ,i =

⎧

⎪

⎨

⎪

⎩

0, Ti ≤Tbase

28.4

1+exp
�

3.4−0.185Ti
� Ti >Tbase

(11)Rp,i =
Li

12
e−cRc,i

(12)Ct =

t
∑

i= t0

Rc,i

(13)Ft =

t
∑

i= t0

Rf ,i × Rp,i

(14)Rc,i =

⎧

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎩

0 Ti <Tmin

Ti−Tmin

Topt−Tmin

Tmin≤Ti <Topt

Ti−Topt

Tmax−Topt
Topt≤Ti <Tmax

0 Ti >Tmax

(15)Ct =

t
∑

i= t0

Rc,i

(16)Rf ,i = Photosyn
(

An, gs
)

(17)Rp,i =
Li

12
e−cRc,i

(18)Ft =

t
∑

i= t0

Rf ,i × Rp,i

(19)An = min
(

Ac ,Aj ,Ap

)

− Rd
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where Ac is the Rubisco-limited rate (parameterized by maximum car-
boxylation rate at a reference temperature of 25°, Vc,max 25, in μmol CO2 
m−2 s−1); Aj is the RuBP regeneration-limited rate (in μmol CO2 m−2 s−1); 
Ap is the triose phosphate utilization (TPU)-limited rate (in μmol CO2 
m−2 s−1), and Rd represents CO2 evolution from mitochondria in the 
presence of light (in μmol CO2 m−2 s−1). Additionally, g0 refers to the 
residual conductance to water vapour (in mol m−2 s−1); VPD is short for 
vapour pressure deficit (in kPa) and g1 is the stomatal slope; and Ca is 
the atmospheric CO2 concentration (in ppm).

Although there are considerable variations in Vc,max 25 and g1 
across species and growing environments (Yan et  al.,  2023), we 
set Vc,max 25 to a constant of 65 μmol m−2 s−1 and g1 to a constant 
of 3.12 based on observations in (Medlyn et al., 2002) and (Atkin 
et al., 2015; Lin et al., 2015), respectively. Our additional sensitiv-
ity test demonstrates that the assigned Vc,max25 as well as g1 value 
has a negligible effect on the performance of our R-OPT model 
at the site-species level (Figure S1), thus minimally impacting our 
hypothesis testing (i.e. whether the use of the Farquhar–Medlyn 
photosynthesis model would improve photosynthesis represen-
tation and, consequently, enhance the process-based phenology 
modelling). Further detailed information about this photosynthe-
sis model, including the formulations of other parameters (e.g. Jmax 
and Rd) and temperature-dependent functions can be found in 
Tables S1 and S2.

After simulating photosynthesis using this coupled Farquhar–
Medlyn model, driven by real-world environmental variables, in-
cluding light, temperature, vapour pressure deficit, atmospheric 
pressure and atmospheric CO2, we replaced the corresponding Ft 
(Equation  13) modelled by photoperiod and forcing in the original 
OPT model with that (i.e. Equation 18) inferred from the Farquhar–
Medlyn model.

2.3.2  |  Model fitting and cross-validation

In this study, we employed a repeated fivefold cross-validation 
method to train and calibrate each model for each species on a site-
by-site basis (Yan et al., 2021). We employed root mean squared 
error (RMSE) for model performance evaluation. The training 
process was designed to minimize RMSE between the model's 
predictions and the field-observed LUD for each site-species 
combination throughout the decadal time series. Specifically, for 
each site-species, we randomly divided the full dataset into cali-
bration and independent validation subsets, using a fivefold cross-
validation, and repeated the whole process 20 times. Given that 
each site had a data record spanning approximately 30–60 years 
for each species, we selected the mean calibrated parameters for 
subsequent prediction processes. This cross-validation method al-
lowed us to estimate how well the model performed on unseen 
data with a given set of parameters (Table 1), aiding in parameter 

tuning, assessing the impact of parameter variations on model 
performance, and comparing models with different complexity. 
Subsequently, we applied a t-test to assess whether the popula-
tion distribution of the RMSE difference between each model pair 
across all site-species combinations was statistically significant 
(Wu et al., 2020).

In addition to aggregating all site-species data, we conducted a 
comparative assessment to further evaluate the statistical signifi-
cance of the relative improvement between different process-based 
models. This involved calculating the accuracy differences between 
each pair of models for every site-species and deriving the histogram 
distribution of the model performance difference for each model 
pair. We also compared these differences with key environmental 
variables, including altitude, mean annual temperature (MAT) and 
mean annual precipitation (MAP). Through this analysis, we aimed to 
understand the appropriate use conditions for each of the analysed 
models.

3  |  RESULTS

3.1  |  Evaluation of process-based phenological 
model performance both within and across temperate 
tree species

In our cross-comparison of the four process-based models (i.e. 
GDD, CFT, OPT and R-OPT) for spring phenology modelling, we 
found that overall, the R-OPT model performed the best. While it 
performed slightly better than OPT, it significantly outperformed 
GDD and CFT (Figure 2). This observation remained consistent re-
gardless of whether the data analysis was performed across all 
species or at a species-specific level. For instance, the analysis 
at the species level showed that the R-OPT model yielded a me-
dian RMSE of 7.61 days across all species and all sites. This sur-
passed the OPT, GDD and CFT models, which had median RMSEs 
of 7.91, 8.97 and 8.99 days, respectively (Figure 2a). Similar find-
ings regarding the relative model performance ranking were also 
observed at the species level (Figure 2b–f), but with some excep-
tions. For the species Sorbus (Figure 2b) and Fraxinus (Figure 2f), 
GDD performed better than CFT, while in Fraxinus, OPT slightly 
outperformed R-OPT (Figure 2f).

Our results in Figure 3 support our interpretation of Figure 2 
in a more rigorous statistical manner, with consistent findings re-
gardless of the model performance metric used or the level of anal-
ysis conducted at the species or all species level. Considering the 
all species level analysis, our results show that R-OPT significantly 
outperforms OPT, both of which are three-parameter models. This 
improvement is evidenced by a reduction in RMSE for 68.66% of 
all site-species combinations (Figure 3a), resulting in a median de-
crease of 0.25 days (Figure 2a). Although modest in absolute terms, 
this reduction is meaningful given the daily resolution of phenologi-
cal predictions and the sensitivity of ecosystem processes to spring 
onset timing. OPT substantially outperforms CFT, with 97.16% of 

(20)gs = g0 + 1.6 ×

�

1 +
g1

√

VPD

�

×
An

Ca
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all site-species displaying reduced RMSE, while CFT slightly out-
performs GDD, with 60.22% of all site-species exhibiting improve-
ments (Figure  3a). At the species level, we observed a generally 
similar pattern to the all species analysis, with some differences. For 
the R-OPT vs. OPT pair, despite consistently more (>50%) sites for 
each target species with model performance improvement in R-OPT 
relative to OPT, the percentage of sites with model performance 
improvement varies considerably across different species. Fagus 
holds 84.13% of all examined sites displaying significant model 
performance improvement in R-OPT (Figure 3c), while Fraxinus had 
the least improvement at 66.01% (Figure 3f). Consequently, Fagus 

experienced the highest median RMSE decrease of 0.54 days, fol-
lowed by Sorbus (0.40), Alnus (0.39) and Aesculus (0.23) (Figure 2). 
For the OPT-CFT pair, the results are rather consistent across all 
species. For the CFT-GDD model pair, the results vary considerably 
across species. Fagus, Aesculus and Alnus show no significant model 
performance difference between CFT and GDD, with approxi-
mately 50% of sites displaying model performance improvement 
(Figure  3c–e). In contrast, Sorbus (64.76%) and Fraxinus (67.31%) 
exhibited significant model performance improvement of CFT rela-
tive to GDD, as evident by higher than 60% sites displaying model 
performance improvements (Figure 3b,f).

F I G U R E  2  Performance comparison of the four process-based models in spring phenology modelling, evaluated using RMSE obtained 
from the fivefold cross-validation. Model performance was assessed both across all species (n = 4193 site-species; a) and at the species-
specific level for Sorbus (n = 1186 sites; b), Fagus (n = 3402 sites; c), Aesculus (n = 3994 sites; d), Alnus (n = 2336 sites; e), and Fraxinus (n = 2383 
sites; f).
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3.2  |  Exploring spatial patterns in paired model 
performance differences across species

Building on the previous histogram analysis, we next delved deeper 
into the consistency of performance discrepancies across different 
process-based models within our study region. This investigation 
was facilitated by categorizing the site-level paired model perfor-
mance difference (indicated by the difference in model RMSE) into 
seven cases, as illustrated in Figure 4's legend. These include a neu-
tral state defined by a paired model difference within the range of −1 
to 1 day, three significant model performance improvements marked 
by a negative RMSE difference smaller than 1 day, and three signifi-
cant model performance reductions indicated by a positive RMSE 

difference larger than 1 day. Changes within the neutral state were 
deemed negligible for this analysis.

Upon excluding the neutral range, a comparison between 
the R-OPT and OPT models revealed a significant enhancement 
(Figure  4a,d,g,j,m). All species, except Fraxinus, demonstrated a 
competitive performance boost in the R-OPT model, as evidenced 
by substantially higher site percentages within the three improve-
ment cases (Sorbus, 30.35%; Fagus, 31.42%; Aesculus, 28.11%; 
Alnus, 33.36%; in red) compared to the corresponding percentage 
within the three reduction cases (Sorbus, 15.43%; Fagus, 12.23%; 
Aesculus, 20.81%; Alnus, 17.85%; in blue). Notably, these model 
performance differences are not homogeneous across the study 
region; instead, they show strong spatial heterogeneity, with 

F I G U R E  3  Histogram analysis of paired model performance differences using RMSE. Model performance differences were assessed both 
across all species (a) and at the species level for Sorbus (n = 1186 sites; b), Fagus (n = 3402 sites; c), Aesculus (n = 3994 sites; d), Alnus (n = 2336 
sites; e) and Fraxinus (n = 2383 sites; f). Notably, ‘CFT-GDD’ represents the paired model performance difference between CFT and GDD (or 
the performance metric of CFT minus that of GDD); similar analysis also applies to ‘OPT-CFT’ (the performance metric of OPT minus that of 
CFT) and ‘R-OPT-OPT’ (the performance metric of R-OPT minus that of OPT).
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improvements dominating the northern and western sites of the 
study region and reductions dominating the southern and eastern 
sites. Interestingly, the most substantial enhancements, depicted 
in dark red, were found at the extreme north and south of our 
European sites.

Focusing on the OPT–CFT pair, model performance differences 
were more pronounced (Figure  4b,e,h,k,n). Excluding the neutral 
state, nearly all the remaining sites across all species experienced 
model improvement (Sorbus, 56.07%; Fagus, 54.97%; Aesculus, 
52.90%; Alnus, 45.47%; Fraxinus, 25.05%; in red), highlighting the 
significant effectiveness of the OPT model in characterizing spring 
phenology over the CFT model. Notably, these enhancements were 
predominantly concentrated in the northern sites of our study re-
gion, with neutral states observed in the southern sites.

Lastly, when examining the CFT-GDD pair, we found that the 
neutral state dominated the entire study region (with site percent-
age greater than 50%), with approximately an equal proportion of 
sites showing either improvement or reduction (Figure 4c,f,i,l,o). This 
observation was nearly consistent across all five species examined. 
Notably, the CFT model demonstrated superior performance in the 
southern sites of our study region and inferior performance in the 
northern sites.

3.3  |  Examining the impact of altitude, 
precipitation and temperature on the paired model 
performance difference between R-OPT and OPT 
across the entire study region

In our analysis of the four models, we found that the relative per-
formance ranking revealed R-OPT and OPT to be on par with each 
other, both significantly outperforming CFT and GDD (Figures  2 
and 3). Furthermore, we noticed strong spatial heterogeneity in the 
paired model performance difference between R-OPT and OPT 
(Figure 4). Given these observations, we next shifted our focus to 
this performance disparity between R-OPT and OPT, examining 
potential environmental factors contributing to the spatial varia-
tion in the R-OPT-OPT paired model performance difference. Our 
investigation centred on three key environmental variables: altitude 
(Figure 5a), mean annual precipitation (Figure 5b) and mean annual 
temperature (Figure  5c). We found that these variables exhibited 
moderate-to-strong spatial heterogeneity within our study area, 
characterized by low altitude in the northern sites and high altitude 
in the southern sites. Precipitation patterns were found to be similar 
to altitude, while temperature—influenced by the interplay of alti-
tude, precipitation and latitude—displayed less spatial heterogeneity 
throughout the study region.

Upon examining the influence of altitude on the paired model 
performance difference, we discovered that the R-OPT model 
significantly outperforms the OPT model at lower altitudes (e.g. 
≤300 m, categories A and B) and tends to have neutral or significantly 
lower performance at higher altitudes. This pattern was consistent 
both within and across all five species studied (Figure 5a,d,g,j,m,p,s). 
With regard to the impact of precipitation on the performance dif-
ference, the R-OPT model was found to excel over the OPT model 
under high precipitation conditions (e.g. ≥1600 mm/year, categories 
F and G) and remain neutral under lower precipitation conditions. 
This observation was also consistent within and across all five spe-
cies examined (Figure 5b,e,h,k,n,q,t). The impacts of temperature on 
the paired model performance difference, however, were complex 
and non-significant (Figure 5c,f,i,l,o,r,u), likely due to the tempera-
ture being a result of multiple environmental factors (e.g. altitude, 
latitude and precipitation) and thus its impact on the performance 
difference being more intricate.

4  |  DISCUSSION

In this study, we developed a revised optimality-based model (R-OPT) 
that integrates the mechanistic Farquhar–Medlyn photosynthesis 
model with the default OPT to improve spring phenology model-
ling. The integration was assessed using intensive field observations 
from the Pan European Phenology Network across Central Europe. 
Our results demonstrate that the newly proposed R-OPT model sig-
nificantly outperforms two other widely used models (GDD, CFT) 
and improves the performance of the original OPT model. However, 
when cross-compared with OPT, we found that this improvement is 
subject to spatial variability. Specifically, the R-OPT model outper-
forms OPT in areas with high MAP (≥1600 mm/year) and low altitude 
(≤300 m), while providing comparable model performance in other 
areas. These results highlight the importance of including photo-
synthetic influences in spring phenology modelling and contribute 
to a deeper understanding of the spatial variability in interactions 
among plant spring phenological strategies, chilling risks and photo-
synthetic processes.

We first sought to evaluate the effectiveness of our R-OPT 
model at the species level, comparing it with the OPT, GDD and CFT 
models (Figures 2 and 3). Overall, R-OPT performed better than the 
rest, ranking first, slightly surpassing OPT and significantly excelling 
at both CFT and GDD. This rank order of model performance can be 
attributed to the unique mechanisms each model represents. The 
GDD model, for instance, describes the heat requirement during 
ecodormancy but neglects the endodormancy process (e.g. chilling 
requirements) (McMaster & Wilhelm,  1997). In contrast, the CFT 

F I G U R E  4  Paired model performance differences between different process-based models (R-OPT-OPT; OPT-CFT; CFT-GDD) are 
examined respectively for Sorbus (a–c), Fagus (d–f), Aesculus (g–i), Alnus (j–l) and Fraxinus (m–o). The model performance metric of RMSE is 
used here, and the model RMSE difference (days) are categorized into seven different cases: (−∞, −5], (−5, −3], (−3, −1], (−1, 1), [1, 3), [3, 5),  
[5, +∞). Red colours indicate increased model performance and blue colours indicate reduced model performance.
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model considers both ecodormancy and endodormancy processes in 
constraining spring phenology but disregards the potential impact of 
other environmental factors, such as photoperiod and light intensity 
(Fang et al., 2024; Wang et al., 2023). These omissions result in the 
underperformance of GDD and CFT compared to OPT and R-OPT. 
The significant superiority of OPT over CFT and GDD further sup-
ports the interpretation that spring phenology is regulated not only 
by temperature but also by additional factors such as photoperiod 
(Meng et al., 2021). The underlying theory of this interpretation pos-
its that spring phenology represents an optimal trade-off between 
maximizing early growing-season potential plant photosynthetic 
carbon gain and minimizing potential chilling risks (approximated by 
temperature) (Fu et al., 2015; Gu et al., 2023). Since light intensity 
is more effective than photoperiod (used in Meng et  al., 2021 for 
the default OPT model) in approximating early growing-season plant 
photosynthesis potential (e.g. Gu et al., 2023), and the mechanistic 
photosynthesis model can consider multiple environmental factors 
(e.g. light, temperature, CO2, humidity) that constrain early growing-
season plant photosynthesis, it is not surprising that the R-OPT 
model performs better than OPT. This not only effectively addressed 
recent issues identified by Gu et al. (2023, 2025), which found light 
intensity and vapour pressure deficit to be significant contributors 
to spring phenology model residuals while being under-represented 
in the original OPT model, but also provides quantitative evidence 
supporting the view that spring phenology reflects an optimal plant 
strategy shaped by the fundamental trade-off between potential 
carbon gain and frost damage risk.

While our R-OPT model consistently demonstrated improved 
or comparable performance to OPT in most cases examined, there 
were instances where its performance was less optimal in certain 
areas compared to OPT (Figure 4). For example, our result indicated 
that the R-OPT model showed significantly improved performance 
compared to OPT in low-altitude areas, while the performance 
difference became neutral or even reversed in high-altitude areas 
(Figure 5d,g,j,m,p,s). This finding aligns with recent studies that re-
ported the integration of the Farquhar–Medlyn model into land sur-
face models enhances the simulation of carbon and water fluxes in 
low-altitude forests but not consistently in high-altitude areas (Han 
et al., 2017; Hernández et al., 2020). The rationale behind this find-
ing could be that montane areas often experience significant diurnal 
fluctuations in environmental conditions and daylight hours due to 
topographic effects (Du et al., 2020; Hua et al., 2022). This makes 
photosynthetic simulations using the mechanistic model challeng-
ing without precise data on these fine-scale environmental fluctua-
tions (Prevéy et al., 2017). Another contributing factor could be the 

necessity for vegetation in montane zones to evolve different strat-
egies for leaf spring phenology regulation to adapt to their colder 
and harsher environments, including the potential to mitigate the 
impact of snow cover (Wang et al., 2018; Xie et al., 2021). Further 
in-depth exploration in this area is needed. Moreover, Vc,max25 and g1 
could display altitude-dependent variations (Han et al., 2017). Due 
to a lack of relevant data, we kept these values fixed in our current 
explorations—an aspect that warrants careful evaluation in future 
studies. In addition, our results indicated that the phenology of spe-
cies in higher MAP ranges is better captured by our R-OPT model 
and tends to be neutral in other MAP ranges (Figure 5f). The under-
lying reason is likely because abundant MAP can indirectly influence 
photosynthesis and stomatal conductance by affecting soil moisture 
and plant water status (Franks et  al.,  2024; Navarro et  al.,  2022; 
Ofori-Amanfo et  al.,  2020), which can be better captured by the 
proposed Farquhar–Medlyn photosynthesis model. Conversely, in 
conditions of insufficient precipitation, plants may close their sto-
mata to conserve water and thus reduce the rate of photosynthesis 
(Buckley, 2005; Garcia-Forner et al., 2016), which is less well cap-
tured by the Medlyn model that has been previously demonstrated 
to perform well in capturing plant stomatal conductance dynamics 
under well-water conditions and less well under stress conditions 
(Anderegg et al., 2017; Wu et al., 2020; Zhou et al., 2013). Future 
in-depth analysis is also needed in this area.

By improving process-based modelling of spring phenology, our 
research has significant implications for large-scale Earth System 
Modelling (ESMs). In ESMs, phenology currently functions as a 
‘hard’ switch that controls the activation and deactivation of key 
plant physiological processes, including photosynthesis, respiration, 
transpiration, as well as other essential ecosystem functions linked 
to phenological transitions (Miller et al., 2023; Nehemy et al., 2023; 
Piao et al., 2019). However, most ESMs rely on empirical phenology 
schemes that do not explicitly account for the mechanistic trade-
offs between carbon gain and the avoidance of chilling or frost risk. 
Our R-OPT framework directly links phenological timing to these 
fundamental physiological trade-offs, providing a process-based 
alternative that is more mechanistically grounded than current em-
pirical approaches. We therefore recommend the integration of a 
stand-alone phenological module, as represented by our R-OPT 
model, into ESMs to improve their representation of plant–environ-
ment interactions (Richardson et al., 2013). Furthermore, while many 
current ESMs are parameterized and validated at coarse spatial and 
temporal scales (Danabasoglu et al., 2020; Semmler et al., 2020), the 
growing availability of multi-decadal, large-scale phenological and 
plant trait datasets enables more robust evaluation and constraint of 

F I G U R E  5  Assessing the potential environmental impact on the paired model performance difference between R-OPT and OPT 
(indicated by the model RMSE difference in days) throughout the entire study region. Panels (a–c) depict the maps of altitude, mean annual 
temperature (MAT), and mean annual precipitation (MAP) across the study area, respectively. The second to last rows illustrate the impact of 
each specific environmental factor on the paired model performance difference, both for all species collectively and for individual species, 
where ‘***’ indicates that the paired model performance difference of that given environmental bin significantly deviates from zero (p-value 
< 0.001). Each column signifies the effect of a particular environmental variable, with the first column (d, g, j, m, p, s) representing altitude, 
the second column (e, h, k, n, q, t) indicating mean annual precipitation, and the final column (f, i, l, o, r, u) denoting mean annual temperature.
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model predictions. Adoption of mechanistically improved phenology 
modules is expected to reduce uncertainties in simulating ecosys-
tem carbon cycling, water fluxes and energy dynamics across vari-
ous scales. Ultimately, such advancements will enhance the accuracy 
of regional and global climate projections (Ryu et al., 2019) and in-
form more effective strategies for large-scale initiatives, including 
national-scale carbon neutrality plans (Brown et al., 2021; Huovila 
et al., 2022; Tan et al., 2022) and global biodiversity conservation 
targets (Green et al., 2019; Xu et al., 2021) through improved man-
agement of conservation, afforestation and restoration efforts.

While our proposed R-OPT model regards spring phenology as 
an optimal plant strategy to maximize photosynthetic carbon gain 
while minimize chilling risk, several caveats remain in our study, 
each suggesting key future directions for development. Firstly, the 
R-OPT model necessarily simplifies the complex ecological and bio-
logical processes underlying phenological responses. For instance, 
the optimal temporal window for balancing carbon gain and chilling 
risk, a central promise of our model, remains debated in the literature 
(Clark et al., 2014; Gauzere et al., 2019) and is not explicitly resolved 
here. In addition, factors such as climate extremes (He et al., 2018; 
Ma et  al.,  2015), disturbance histories (Norman et  al.,  2017), and 
species interactions through resource competition, nutrient cy-
cling and trophic interactions (Renner & Zohner, 2018; Thackeray 
et  al.,  2016) have been previously observed or hypothesized to 
influence spring phenology but are not considered here. Despite 
these limitations, our work captures a key mechanistic trade-off be-
tween carbon gain and chilling risk that governs spring phenology 
timing. Future research should build upon our work, incorporating 
additional data to explore other vital ecological and biological pro-
cesses affecting spring phenology behaviours and process-based 
modelling. Similarly, considering other timescales of optimal accli-
mation duration (beyond using the current year's preseason dura-
tion in this study) and how it varies with species and environments 
could also add depth to our model.

Secondly, our testing for the optimality theory underlying 
spring phenology regulation relies solely on process modelling and 
rigorous statistical analysis. To more robustly test and refine this 
theoretical framework, future research should incorporate experi-
mental and molecular approaches (Hänninen et al., 2019; Wolkovich 
et al., 2022). Controlled experiments in laboratory and field settings, 
combined with target molecular analyses, can generate direct ev-
idence to validate and improve our model—particularly by eluci-
dating species-specific sensitivities to environmental factors. Such 
experiments, employing both control and treatment groups, would 
enable systematic manipulation of environmental conditions and 
assessment of their individual and interactive effects on spring phe-
nology (Chamberlain & Wolkovich, 2021). Furthermore, integrating 
molecular data would facilitate identification of genetic mechanisms 
and regulatory pathways underlying phenological responses across 
different environmental niches (Mazer et al., 2015). Together, these 
approaches would provide a mechanistic foundation to rigorously 
test the validity of our model and the optimality hypothesis, poten-
tially revealing the extent to which observed phenological patterns 

are driven by adaptive trade-offs at both physiological and genetic 
levels.

Thirdly, accurate parameterization of the Farquhar–Medlyn 
model to simulate early-season plant photosynthetic carbon uptake 
requires a comprehensive set of physiological traits (i.e. Vcmax, Jmax 
and g1). Previous studies have reported significant variations of these 
traits across plant species and growth environments (Lin et al., 2015; 
Yan et al., 2023). However, due to a lack of relevant data across the 
species-site level, we currently use a fixed set of values (such as con-
stant photosynthetic parameters) in our model. Although our sen-
sitivity analysis indicates a minimal impact of these fixed values in 
modelling intra-site decadal spring phenology dynamics (Figure S1), 
a more accurate representation of trait values across species and 
growth environments could improve the detailed mechanisms of 
species-specific phenological response to broader spatial or phylo-
genetic contexts. Trait variability across ecosystems—especially in 
non-European or phylogenetically diverse forest systems—may sig-
nificantly affect model accuracy and generalizability (Westerband 
et  al.,  2021; Wong & Carmona,  2021; Zhou et  al.,  2022). Future 
studies should not only prioritize collecting more species- and 
site-specific trait data, but also focus on integrating emerging trait 
databases and remote sensing tools (with improved phenology mon-
itoring across space and time). These approaches offer new oppor-
tunities to scale trait variation beyond Europe and provide a stronger 
foundation for assessing phenological optimality trade-offs, where 
parameters such as a, b and c may reflect underlying mechanisms 
across global ecosystems.

Taken together, these future directions may contribute to a more 
comprehensive understanding of plant phenology and its multifac-
eted responses to environmental changes. Advancing this research 
will help improve our ability to interpret ecosystem dynamics and 
inform more effective management and conservation strategies 
(Caparros-Santiago et al., 2021; Cleland et al., 2007; Ma et al., 2022; 
Richardson et al., 2010).

5  |  CONCLUSIONS

In this study, we developed a new, theory-based spring phenology 
model and assessed the performance of both existing and newly 
proposed models for five major plant species across extensive spa-
tial extents and decadal time durations in Europe. Our findings indi-
cate that incorporating the Farquhar–Medlyn photosynthesis model 
into the current OPT model (or R-OPT) substantially improves the 
accuracy of spring phenology predictions, reducing the median 
RMSE from 7.91 days in the OPT model to 7.61 days in the R-OPT 
model. This improvement proved to be far more effective compared 
to the CFT (8.99 days) and GDD (8.97 days) models. A subsequent 
comprehensive cross-model comparison also confirmed the superi-
ority of the optimality-based approach (i.e. R-OPT and OPT) over 
the non-optimality approach (i.e. CFT and GDD) in modelling spring 
phenology. From these analyses, we can infer two main points: (1) 
Spring phenology can be viewed as an optimal strategy for plants 
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to maximize early growing-season plant photosynthesis gains while 
minimizing chilling risk, and thus the optimality-based approach 
outperforms the non-optimality-based approach; (2) the Farquhar–
Medlyn photosynthesis model offers an improved method to rep-
resent early growing-season photosynthetic carbon gain in R-OPT 
compared to the original OPT model (relying on photoperiods and 
forcing for approximation), thereby improving process-based mod-
elling. Furthermore, we conducted an analysis of the geographical 
distribution of the paired model performance differences, which 
disclosed that the R-OPT model significantly outperformed the OPT 
model at northern, low-altitude sites compared to southern sites. In 
other words, the newly proposed R-OPT demonstrated markedly 
better performance than the default OPT model in low-latitude or 
high MAP areas, whereas its performance remained neutral in other 
regions. This difference could be due to increasing environmental 
constraints or an incomplete representation of photosynthetic car-
bon gain in high-latitude and environmentally harsher areas, which 
further undermines the effectiveness of R-OPT in simulating spring 
phenology compared to OPT in these regions. Consequently, a 
more thorough exploration of this issue is required in future stud-
ies. Collectively, these results enhance our understanding of plant 
spring phenological dynamics across species, space and time, shed-
ding light on the fundamental theory underlying spring phenology 
regulation and model representation, thereby improving evaluations 
of many phenology-related ecological processes and their sensitivity 
response to climate change.
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SUPPORTING INFORMATION
Additional supporting information can be found online in the 
Supporting Information section at the end of this article.
Figure S1. Linear regression analysis between the model performance 
(RMSE, days) and two parameters (a: Vc,max25 (μmol m−2 s−1); b: g1 (-)) 
in selected species Aesculus hippocastanum (a, b), Alnus glutinosa (c, 
d), Fagus sylvatica (e, f), Fraxinus excelsior (g, h), Sorbus aucuparia (i, j). 
The other parameters were fixed (such as parameters a–c) and then 
randomly generated Vc,max25 (μmol m−2 s−1) in the range [50, 80] and g1 in 
the range [1, 5] to test the model's sensitivity to these two parameters 
for the selected species Aesculus hippocastanum. The results 
demonstrated minimal to no correlation between both parameters 
and the RMSE for selected species. The correlation coefficients were 
−0.002 for Vc,max25, 0.001 for g1, with all p-values less than 0.05.
Figure S2. Schematic diagram illustrating the limitation framework 
of leaf photosynthesis. Net assimilation rate (An) is determined by 
the minimum of three potential limitations: the Rubisco-limited rate 
(Ac), the electron transport-limited rate (Aj) and the triose phosphate 
utilization (TPU)-limited rate (Ap). These rates are expressed in μmol 
CO2 m−2 s−1. The net rate also accounts for mitochondrial respiration 
in the light (Rd). In addition, stomatal conductance is regulated 
through parameters including the residual conductance to water 
vapour (g0, mol m−2 s−1), vapour pressure deficit (VPD, kPa), stomatal 
slope (g1) and atmospheric CO2 concentration (Ca, ppm). Together, 
these processes reflect the balance between carbon uptake and 
environmental constraints on photosynthesis.
Table  S1. Modified equations of the Farquhar, von Caemmerer 
and Berry (FvCB; Farquhar et al., 1980) leaf photosynthesis model, 
coupled with Medlyn type stomatal conductance scheme (Medlyn 
et al., 2011).
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